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Abstract 
This paper presents an empirical assessment of the spatial transferability of tour-based time-of-day choice models across 
different counties in the San Francisco Bay Area of California. Model transferability was assessed using two different 
approaches: (1) estimation-based approach, and (2) application-based approach. The former approach allows the analyst to 
test which specific coefficients in the model are transferable and which are not, while the latter approach tests the 
transferability of a model as a whole. In addition, the hypothesis that pooling data from different geographical contexts helps 
in estimating better transferable models than those developed from a single context was tested. The estimation-based approach 
yields encouraging results in favour of model transferability, with a majority of the coefficients in a pooled model found to be 
transferrable. Pooling data from different geographical contexts appears to help in developing better transferable models but 
careful attention is needed in selecting the geographical contexts to pool the data from. 
© 2013 The Authors. Published by Elsevier Ltd. 
Selection and peer-review under responsibility of International Scientific Committee. 
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1. Introduction 
 Spatial transferability of travel forecasting models can help in significant cost savings for transport planning 
agencies that cannot afford to invest in extensive data collection and model development procedures. The 
literature abounds with empirical studies on this topic (see Sikder et al., 2013 for a detailed review). However, 
most research in this area has been in the context of trip-based travel demand models. Over the past decade, 
transport planning agencies around the world are considering the move to tour-based/activity-based models 
(ABMs), which are considered as better tools (than trip-based models) 
transport planning and policy questions. At the same time, limited availability of data and resources for model 
building, and long production times have hindered several planning agencies from building ABMs. Therefore, the 
ability to transfer models from one region to another in the context of tour-based/activity-based models has 
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become extremely relevant due to the potential it offers for cost and time savings. However, the available 
empirical evidence on the transferability of ABMs is insufficient at best, with only a handful of recent studies 
documenting transferability assessments of ABM model components (e.g., Bowman et al., 2013; Sikder and 
Pinjari, 2013). 
2. Gaps in the literature 
2.1. Transferability of time-of-day choice models 
 Within the limited available literature on this topic, empirical assessments of tour-based time-of-day choice 
models that are used to forecast the timing of travel and the resulting temporal variations in traffic volumes are 
even fewer, except two recent studies (e.g., Bowman et al., 2013). Sound time-of-day choice models are 
paramount to an ABM. This is because evaluations of several travel-demand management strategies rely on 
accurate predictions of the temporal variation of travel volumes in the study region. Given importance of time-of-
within a tour-based approach (e.g., Abou Zeid et al., 2006; and Popuri et al., 2008). Besides, recent studies (e.g., 
Bowman et al., 2013) suggest that time-of-day choice models may be better transferable components of ABMs 
time-of-day choices tend to be much less connected to land-use characteristics, spatial structure/dispersion of 
activities, and availability and quality of travel modes that tend to vary across geographical contexts but are not 
easy to capture in the model specifications. Therefore, as identified in Abou Zeid et al. (2006), the empirical 
assessment of the transferability of time-of-day choice models is a potentially fruitful avenue for research  for 
accumulating additional evidence as well as for understanding how best to transfer such models. Yet, there are 
only a handful of studies on this topic, with little to no understanding on what aspects of time-of-day choice 
models are transferable, what aspects are less transferable, and how to make them more transferable. 
2.2. Transferability assessment techniques 
 A variety of different approaches and metrics have been used in the literature to assess transferability of model 
parameters. Different methods can potentially lead to different outcomes of transferability assessment, a reason 
why the available empirical evidence in the literature is mixed and inconclusive. Bowman et al. (2013) classify 
the transferability assessment approaches into two broad categories: (1) application-based approach, and (2) 
estimation-based approach. In the application-based approach, the model parameters are estimated using data 
assess how well the model predicts in the other region. In the estimation-based approach (also known as joint 
context estimation), on the other hand, data from both estimation and application contexts is combined to 
estimate a single model, however while recognizing any potential differences between the two contexts by 
. Simple t-tests on these difference 
parameters shed light on whether the parameter estimates are different between the two contexts. A particular 
advantage of this approach is that one can test if each (and every) parameter in a model is transferable or not (as 
opposed to the entire model - ) and understand which parameters are more 
transferable and which parameters are not (Bowman et al., 2013).  
 Between the two approaches discussed above, the application-based approach has been the predominantly used 
approach in the literature, with most empirical evidence suggesting the difficulty of model transferability across 
geographical contexts. It is possible that the approaches used to assess model transferability (i.e., application-
based and estimation-based) may have an influence on the transferability results. Specifically, estimation of 
separate models and assessing the transferability using application-based approach may be the reasons behind 
such poor model transferability results.  For example, small sample size, if used in model estimation in the 
application-based approach, can easily confound the model transferability results. Estimation-based approach, on 
the other hand, helps alleviate such sample size issues by estimating common parameters where the data 
variability is small within a single context. Thus, it is important to use estimation-based approach in model 
transferability analysis. 
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2.3. Development of better transferable models 
 The simplest approach to transfer models is called naïve transfer, where the parameter estimates from a region 
(base context) are directly applied in another context (application context). Most literature suggests that it is 
the transferred parameters using available data from the application context. Such updating methods include: (a) 
updating the constants of the utility functions, (b) updating the scale of the random error terms (along with the 
utility function constants), (c) bayesian methods, (d) combined transfer estimator, and (e) joint context 
estimation. A handful of studies in literature that compared different transferring methods (e.g., Karasmaa, 2007) 
suggest that the joint context estimation approach should be preferred if sufficient data is available from both the 
contexts. As indicated earlier, in this approach, data from both the contexts are combined to estimate a joint, 
base-application context model. It allows the analyst to test the possibility of contextual differences in the 
parameter estimates while controlling for differences in error scales. Further, in this approach, depending on data 
availability in the two contexts, common parameters can be estimated for a subset of variables that have limited 
data in either context, while allowing context-specific parameters for other variables. This helps in getting 
improved (and efficient) parameter estimates for variables whose data availability in either context is small, 
which is not an uncommon occurrence in practice. 
 An extension of the joint-context estimation approach is to pool data from multiple contexts (as opposed to 
only two regions). In situations where the variation in important socio-demographic, land-use, or level-of-service 
variables is insufficient in either contexts, pooling data from multiple contexts can potentially help in achieving 
sufficient variation for parameter estimability. For instance, Richards and Ben-Akiva (1975) argued that if a 
disaggregate model is truly a behavioral model, and if it has been estimated with data which has a high degree of 
variability, then it can be expected that the model can be used in different geographic locations and for 
populations with different economic structures without amendment to the coefficients (i.e., without using data 
from the application context). Pooling data from multiple contexts can help achieve such variability in the data 
and thereby help in achieving a better model specification and parameter estimation. In many situations, it might 
simply be that sample size from any single context is not sufficient to reliably estimate the model parameters, 
warranting the need to pool data from multiple contexts. In this context, it would be useful to accumulate 
additional empirical evidence on the extent to which and the reasons for which (is it due to sample size increase 
or due to data from appropriate geographical contexts) pooling data helps in enhancing model transferability.  
3. Current research 
 In view of the above discussion, the overarching aim of this paper is to investigate the spatial transferability of 
tour-based time-of-day choice models. To this end, an empirical assessment is conducted to assess the 
transferability of a commute tour start and end time choice model among different counties in the San Francisco 
Bay area. Data from the 2000 Bay Area Travel Survey (BATS) survey is used for this purpose, and the 
demographic segment of focus is employed adults (age >18).  
 
multinomial logit (MNL) model. To define the choice alternatives in the MNL model, individuals work tour start 
and end times were categorized into discrete, half-hour timing intervals in a day (a total of 48 half hour intervals 
in the day). Each possible combination of these tour start-time interval and end-time interval was treated as a 
discrete choice alternative in the multinomial logit model (see section 4.1 for details). To get time-varying 
transportation system characteristics (i.e., travel time) for each of these alternatives, an auxiliary travel duration 
regression model was developed. 
  As indicated earlier, transferability assessment conducted in this study specifically aims to investigate what 
aspects of time-of-day choice models are transferable and what aspects are less transferable. In doing so, the 
results from the different approaches of transferability assessment (application-based vs. estimation-based) are 
also compared and contrasted. In addition, extensive explorations are performed to investigate the extent to which 
and the reasons why pooling data from multiple contexts helps in achieving better transferable models.  
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4. Data 
4.1. Data source and sample formation 
 The primary data source used for the analysis is the 2000 San Francisco Bay Area Travel Survey (BATS) 
designed and administered by MORPACE International Inc. for the Bay Area Metropolitan Transportation 
Commission. In addition to the data from this travel survey, data on zonal-level land use (e.g., area types) and 
transportation level-of-service measures (e.g., travel time and travel cost) were obtained from the Metropolitan 
Transportation Commission (MTC). Two sets of data were formed for the analysis: (1) for travel duration 
regression model, and (2) for time-of-day (TOD) choice model. For travel duration regression model, a trip-based 
data set while for time-of-day choice model, a tour-based data set was formed. Keeping in view the page limit 
stipulations, the details of the sample formation procedures are not discussed in this paper.  
 The dependent variable used in the regression model is the ratio of observed travel duration in the trip-based 
data set, and the free flow time between the origin-destination pair of the corresponding trip. In the multinomial 
logit model, on the other hand, a total of 386 start-and end-time combination of the alternatives was used as 
dependent variable. To create alternatives for multinomial logit model, the entire day was divided into 48 half-
hour time slots first. Next, based on the observed tour start- and end-times in the data set and common 
perceptions, some of the consecutive half-hour time intervals were aggregated into larger time intervals. As a 
result, a total of 25 different time-slots were used for tour start time choice (i.e., the 48 half-hour intervals in a 
day were aggregated into 25 intervals) and 21 time-slots were used for tour end time periods. Since the model 
will be developed for predicting the joint choice of tour start-and end-times, the tour start time slots were 
combined with those of tour end time slots, resulting in a total 386 alternatives, each representing a combination 
of tour start and tour end time slots.  
4.2. Geographical regions considered for transferability assessment 
 The geographical regions considered in this paper are the nine counties in the San Francisco Bay Area of 
California  Alameda, Contra Costa, Marin, Napa, Santa Clara, San Francisco, San Mateo, Solano and Sonoma. 
For transferability assessments, we focus on the following six counties: Alameda (AL), Contra Costa (CC), Santa 
Clara (SC), San Francisco (SF), San Mateo (SM), and Sonoma (SN). Specifically, we test the transferability from 
each of these six counties to the other using the application-based approach. In addition, using the same 
approach, for each county, we assess if a model built using data pooled from all other eight counties2 is better 
transferable than a model from only one of the counties. To compare the results from the application-based 
approach with those from the estimation-based approach, joint-context models were also estimated for each 
county to test if the behaviour in each county was different from that in the other eight counties.  
4.3. Sample description 
 Results from the descriptive analysis suggest that the employed adults in Santa Clara are different from those 
in other counties  at least in some socio-demographic characteristics (keeping in view the page limit stipulations, 
descriptive statistics are not provided here but available from the authors). For example, there appear to be 
greater proportions of full time workers, flexibility in work schedules, and higher income levels in Santa Clara 
than in other three counties. Greater proportions of females are observed in San Mateo (than in other counties). In 
the contexts of household structures, San Francisco County appears to be different than the other counties in the 
Bay Area. Specifically, greater proportions of single person households are observed in San Francisco County. It 
is important to note that the sample size for San Francisco County is small (538), which can make it difficult to 
interpret the model transferability results with high confidence. While comparing the descriptive statistics among 
different counties, the employed adults from Contra Costa appear to have similar characteristics to those from 
Alameda County.  Though the descriptive statistics cannot shed full light on the transferability of a time-of-day 
choice model, the noted differences or similarity may have a bearing. 
                                                          
2 From now on and throughout the paper, the model for eight counties (i.e., the pooled model without a specific county) will be indicated by 
t -
Sonoma (SN) - . 
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5. Methodology 
 In this section, we briefly discuss the Multinomial Logit (MNL) model structure used in the time-of-day choice 
modeling, and the transferability assessment approaches used in this paper. To keep the paper within word limit 
stipulations, the travel duration regression model used to obtain time-varying level-of-service conditions (i.e., 
travel times) are not discussed in this paper, but available from the authors.    
5.1 . Time-of-day choice MNL model 
 
 Following Ben-Akiva and Abou-Zeid (2012), the utility function of the MNL model used in this chapter 
consists of three functions as below:   
                                                   ( , ) ( ) ( ) ( -  )s e durs e e sU s e U t U t U t t                                                          
In the above equation, ( , )U s e is the joint utility of starting the tour in time slot s and ending in time slot e, 
( )s sU t is start-time function, ( )e eU t is end-time function, and ( -  )
dur
e sU t t  is duration function. These 
functions are defined as below:   
Start time function, ( ) ( ) (Travel Time) (Travel Cost) 1.ln(# half-hour periods in slot s)s ss r s thw hw chw hw
r
U t x f t  
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In the above equations, r is the number of demographic explanatory variables rx  used in the model, including 
constants and other demographic variables, and  
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The values of n and d are determined based on the statistical tests and the reasonableness of resulting utility 
profiles. Note that the coefficients on the number of half-hour periods in slots s and e were fixed to 1 to take into 
account for the unequal period lengths in these slots (see Ben-Akiva and Abou-Zeid, 2012 for details). 
 T
preference for a specific time-of-day remains the same the next day as well. It is important to note here the 
individual coefficients in the above cyclic functions cannot be interpreted. For interpreting the effect of a variable 
(say female with kids), all the corresponding coefficients in the cyclic function should be used to plot the utility 
profiles as a function of time of day. For example, the tour start time-of-day preference of females with kids can 
be interpreted by using all the coefficients of the female with kid variable in the start time cyclic function 
(i.e.,
1 2, ,...,
s s s
n
) to plot the utility profile as a function of start time. Similarly, the tour end time-of-day 
preference of females with kids can be interpreted by using all the coefficients of the female with kid variable in 
the end time cyclic function (i.e.,
1 2, ,...,
e e e
n
) to plot the utility profile as a function of end time.  
5.2 . Transferability assessment approaches 
    In this section, the two approaches (estimation-based and application-based) used to assess the transferability 
of the TOD models are discussed.  
 In the application-based approach, the model parameters are estimated using data from each of the 6 counties 
gion. 
Specifically, Transfer Index (TI) values were computed to assess the prediction ability of the transferred models. 
                                                          ,
,
( ) - ( )
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where, ( )j iL is log-likelihood of the transferred model applied to the application context data, ( )j jL is log 
likelihood of the locally estimated model using data from the application context, and ,( )j reference jL  is log-
likelihood of a reference model. The closer the value of TI is to 1, the better is the transferability.  
 In the estimation-based approach, first a model was estimated using data from all 9 counties in the San 
Francisco Bay area (i.e., base model). Next, for each selected county, the dummy variable for that county was 
interacted with each of the variables in the base model This helps in 
comparing the parameter estimates for each (and every) variable in the model and shed light on which are 
transferable to each county from the rest of the Bay area. Groups of such difference variables were included one 
by one in the model specification. For example, to test if females with kids in Santa Clara County had different 
time-of-day preferences from those in all other counties, the dummy variable for Santa Clara was interacted with 
all the variables in the cyclic functions for the female with kids demographic segment. All these interactions were 
introduced at a time over the base model. The resulting model would recognize any potential differences in the 
time of day preferences of females with kids between Santa Clara and other Counties.  The decision of whether 
or not the preferences of females with kids were actually different between Santa Clara and other Counties was 
made based on a log-likelihood ratio (LLR) test (for the entire set of Santa Clara specific variables just added). 
Note that because of the use of cyclic functions, the transferability of individual coefficients cannot (should not) 
be assessed since they do not carry any meaningful interpretation by themselves. However, a visual examination 
suggested that the coefficients of the difference variables not statistically significant when the entire set of 
coefficients were not found to be significant based on a LLR test. If the interaction variables (i.e., 
variables), as a set, are statistically different from zero that indicates statistically significant differences in the 
time-of-day preferences between females with Kids in Santa Clara and those in other Counties (hence the 
corresponding coefficients in the base model are NOT transferable). In addition to such statistical tests, the utility 
profiles were also plotted as a function of time-of-day for females with kids in Santa Clara and for those in all 
other 8 counties to visually examine if the profiles appeared different. This approach was repeated for all 
demographic variables and level of service variables in the model specification until a final specification was 
arrived at. The final specification contains the specification for the base-SC model (that is the model for all 8 
that were deemed insignificant were dropped from the 
model). Using the same approach, joint context specifications were developed for each of the six counties -- 
Alameda (AL), Contra Costa (CC), Santa Clara (SC), San Francisco (SF), San Mateo (SM), and Sonoma (SN) 
considered in this study.  It is useful to note here that, in addition to allowing for county-specific differences in 
the deterministic utility functions, the differences in the unobserved factors were allowed by estimating the ratio 
of the scales (of the random error terms) between the base and the application contexts.  
6. Results 
 
 Since the main objectives of this study are related to the transferability of time-of-day choice models, only the 
transferability assessment results are discussed in this section without delving into the details of the variables in 
the model specification (due to page limit stipulations).    
 
6.1. Results from application-based approach 
 In this subsection, we discuss the transferability assessment results obtained from the application-based 
approach. Table 1 presents the TI values for inter-county transfers conducted using this approach. As can be 
observed from the table, the models transferred from and to Sonoma provide the lowest TI values compared to 
the corresponding models of all other counties, followed by those for the San Francisco. Higher TI values can be 
observed for models transferred from and to Santa Clara. Comparing the TI values to the corresponding sample 
sizes from each county suggest that the sample sizes have a strong influence on the TI values (e.g., San Francisco 
and Sonoma have the lowest sample sizes).   
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Table 1. Transfer Index
Transferred  To
Transferred   From Alameda Santa Clara San Francisco San Mateo Contra Costa Sonoma
1 0.66 0.42 0.56 0.53 0.23
0.53 1 0.34 0.58 0.38 0.07
San Francisco 0.23 0.42 1 0.40 -0.13 -0.18
San Mateo 0.37 0.56 0.39 1 0.17 -0.03
Contra Costa 0.63 0.58 0.28 0.58 1 0.24
Sonoma -0.21 -0.18 -0.23 -0.02 -0.26 1
6.2. Results from estimation-based approach 
As discussed earlier, in the estimation-based approach, county-
the base specification to explore any potential differences in the parameter estimates for the county and the
remaining eight counties. Six such models were developed, one for each of the six counties Alameda (AL),
Contra Costa (CC), Santa Clara (SC), San Francisco (SF), San Mateo (SM), and Sonoma (SN). The important 
observations from these model results are as follows. First, the constants in most of the TOD models are not 
significantly different from those in the base-c models, indicating the potential transferability of the TOD model
constants from a pooled model (from all other eight counties) to a specific county. Second, among the level-of-
service variables, while the travel time co-efficient for the home to work journey appears to be statistically
different (i.e., not transferable) between specific counties and the base-c model, the travel time co-efficient for 
the work to home journey and the travel cost co-efficient appears to be transferable. One possible reason of not 
observing significant differences in the travel cost coefficients of different counties is the less variation of travel
cost variable across the alternatives considered in the model. The travel cost information was available only for 
two broad time period categories: peak and off-peak. Third, in the context of other variables, (e.g., socio-
demographic variables), almost 95% of the coefficients (or more) in a county TOD model were not significantly
different from the corresponding base-c model. This provides an evidence of the potential transferability of these
coefficients between a pooled and a specific county model in the Bay Area.  Overall, less than 5% of the 
coefficients (especially the level-of-service variables) were not found to be transferable. The remaining
coefficients can be transferred from the corresponding base-c models (if available) in the Bay Area, providing
encouraging empirical evidence of the transferability of TOD model coefficients from a pooled model. Another 
finding in favour of transferability was that the no statistically significant differences were found between the
scales of the random error components across different counties.
-
time-varying utility profiles of the variables that were found to have significantly different coefficients in these
two models were also compared. Two of them are presented in Figure 1. As can be observed from Figure 1, the 
tour start-and end-time profiles of the full time employed adults in Santa Clara are different than those of the
employed adults in other eight counties (as a whole). These differences can be partially attributed to the
differences observed in socio-demographic characteristics between Santa Clara and other counties in the Bay
Area. The differences in the utility profiles indicate that the corresponding coefficients cannot be transferred from 
a pooled model to a specific county; these need to be estimated separately for that county. Another important
observation from all of these profiles is that for a specific variable, the difference in the tour end-time profiles is
greater than the corresponding difference in the tour-start time profiles. This indicates that the coefficients related 
to home to work journeys may be more transferable than that related to work to home journeys.
Fig.1. Utility profiles based on Employment Status (Santa Clara and Other Counties
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6.3. Comparison between the results from application-based and estimation-based approaches 
 To compare the performance of the application- and estimation-based approaches, the parameters estimated 
from base-c models (using both estimation and application-based approaches) were transferred to each of the six 
counties considered in this study. As mentioned earlier, the base-c models are basically pooled models developed 
using data from eight counties. Table 2 presents the TI values obtained from these transfers. As can be observed 
from this table, the TI values obtained from the estimation-based approach are higher than that from application-  
 
                    Table 2. Transfer Index 
 
 
 
 
 
-based approach. This is because the estimation-based approach considers only the statistically different 
parameters that are different between the base and application contexts, while keeping all other parameters same. 
The application-based approach, on the other hand, allows the values of all parameters to be different, even if 
they are not statistically different. All such numerical differences among the parameters add up to a substantial 
difference in terms of log-likelihood values (and even predictions and elasticity measures). Thus, whenever 
possible, it is useful to use the estimation-based approach for transferability assessments. Another observation 
can be made from comparing the TI values in the first row of this table with those in Table 1. Specifically, the TI 
values improve significantly after pooling data from all other eight counties, indicating the potential benefits of 
pooling data in model transfer. However, it is not clear if this improvement in transferability is due to increased 
sample sizes or due to where the data is pooled from. To address this issue, the next section presents carefully 
conducted experiments that control for sample size issues, which would otherwise confound transferability 
assessments.   
6.4. Results from data pooling technique assessment 
 Results obtained from the data pooling technique assessment are discussed in this section. The first subsection 
discusses whether increasing the sample size by adding data from the base context is same as pooling data from 
other geographical contexts, while the second subsection discusses the benefits of pooling data from multiple 
geographical contexts and some other important observations from data pooling technique assessment.    
6.4.1. Adding data from base context vs. pooling data from other geographical contexts 
 To investigate whether increasing the sample size by adding data from the base context is same as pooling data 
from other geographical contexts (other than the application context), a controlled approach is designed. In this 
approach, first 10 random samples (each of them with 500 individuals) are drawn from the entire sample of a 
single county (base context in this case). Then a TOD model is estimated for each sample and transferred to 
another county (application context). Transfer Index (TI) values are calculated for all transfers, and averaged 
across the 10 random samples. Next, the sample size is gradually increased at increments of 500 until it reaches 
the original sample of the base context county, and the TI values (averaged over 10 different random samples) 
were computed at each stage of the sample size increments. This whole procedure is repeated with the same 
amount of data (i.e., 500) pooled gradually from other counties instead of adding data from the base context.   
 To understand the procedure better, let us discuss the first part of the graph (solid line) shown in Figure 2. This 
initial part of the graph is developed based on the average TI values (shown by ) obtained at different 
stages of the sample size increments for Santa Clara beginning from a sample of 500 individuals. The application 
context considered in this exercise is Alameda. For a given sample size, the points above the solid line indicate 
the average TI values for the samples formed based on pooling data from other geographical contexts, while 
keeping the same sample size. For example, the symbols ( ,  and ) indicate the TI values for 
the combinations of Santa Clara & San Mateo, Santa Clara & Contra Costa, and Santa Clara & Sonoma  
respectively.    
                                         Transferred  To 
Transferred  From Alameda Santa Clara San Francisco San Mateo 
Base-c (Application-based) 0.79 0.78 0.57 0.75 
Base-c (Estimation-based) 0.94 0.87 0.95 0.94 
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Several important observations can be made from this initial part of the graph. First, increasing the sample
sizes (e.g., from 500 to 3000) in the base context, irrespective of the geographical contexts the samples added
from, appears to improve transferability. But increasing the sample sizes just by adding data from only Santa
Clara is not same as pooling data from different geographical contexts. In most cases, pooling data from different 
geographical contexts (symbols other than ) appears to provide better transferability than that obtained by
simply adding more data from SantaClara.  Second, data from all the geographical contexts do not appear to 
provide similar improvements in the TI values. In our case, data from Sonoma and Contra Costa counties appear
to provide higher improvements than that from San Mateo. Third, though adding more data samples improves
model transferability, the rate of improvement is not equal at each stage of the sample size increments; the rate
appears to be higher at the initial stages, while it gradually diminishes at higher sample sizes.
6.4.2. Benefits of pooling data from different geographical contexts
While the previous subsection investigates the performance of data pooling technique by adding same amount
of samples from different geographical contexts (i.e., 500), this subsection does the same by adding different 
amount of samples from different geographical contexts. This investigation, on one hand, verifies the
observations discussed in previous subsections that pooling data from other geographical contexts improves
model transferability, and on the other hand, it explores the influences of sample sizes on the performance of data 
pooling technique. 
To do so, we started from Santa Clara County and then added different amount of samples from other 
geographical contexts. Similar to the approach used in the previous subsection, after adding data, a time-of-day
choice model was estimated for each sample, and then the models were transferred to Alameda County. Next 
transfer index values were calculated for all these transfers. The second part of the graph in Figure 2 (dotted line)
is developed based on these TI values.
The same observations as before can be made from this second part of the graph. First, pooling data from 
different geographical contexts appear to improve model transferability, but the improvements seem to vary with
the specific contexts the data is pooled from. For instance, similar to the observation in the previous subsection,
data from Sonoma and Contra Costa appear to provide better transferability than the other geographical contexts.
Second, increasing sample size also helps in developing better transferable models, until a certain extent. Overall,
it appears the data pooling technique can help in developing better transferable models, both due to better sample
sizes and due to specific contexts the data is pooled from. However, this exercise does not reveal how best to
determine where to pool data from - an important avenue for further research. 
*SCL(Santa Clara); Sm(San Mateo); CC (Contra Costa); Son (Sonoma), Sf (San Francisco) and Othco (Other counties)
Fig. 2. Data Pooling Technique Assessment
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7. Conclusions 
 This paper presents an empirical assessment of the spatial transferability of tour-based time-of-day choice 
models among different counties in the San Francisco Bay Area of California. The empirical models are based on 
the commute tour start-and end-time choices of the employed adults in the Bay Area. The model structure used to 
model the time-of-day choices is the MNL Structure, for which an OLS regression model was developed to 
obtain time varying travel time variables for the home-work and work-home journeys. 
 Model transferability was assessed by using two approaches: (1) estimation-based approach, and (2) 
application-based approach. Results from the estimation-based approach indicate that a majority of the 
alternative-specific constants and the coefficients on socio-demographic variables in a pooled model can be 
transferred to a county; but the level of service variable coefficients need to be estimated separately for the 
county. Between the two approaches considered in this study, the estimation-based approach was found to result 
in better (and encouraging) transferability assessments than the application-based approach.  
 Results from the data pooling technique assessment provide empirical evidence to the notion that pooling data 
from multiple regions can help in obtaining better transferable models. One reason for this is simply a better 
sample size that results a more reliable (hence transferable) parameter estimates. However, while pooling data 
from different geographical contexts appears to result in improved transferability, the extent of transferability 
improvement depends on the specific regions where data is pooled from. Hence though pooling data appears to 
help in improving model transferability, careful attention should be paid to the geographical contexts the data 
pooled from. Future research should focus on identifying the criteria for determining the contexts where to pool 
data from for estimating transferable models. Further, all the results in this study are based on transfers between 
counties within a single region, the San Francisco Bay area. It is not clear if the encouraging results found in this 
study can be generalised to transfers between different metropolitan regions in the country. Hence, additional 
empirical evidence in the context of transfers between more geographically dispersed contexts is necessary.  
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